



Abstract — In order to remain profitable in the highly 
competitive global market, a manufacturing enterprise is 
expected to proactively adapt itself in anticipation of 
unplanned, but foreseeable high impact events. This 
paper presents a decision model for optimal adaptation 
of product and supply chain systems subject to sudden, 
severe changes in the operating environment.  Extending 
our previous work [1], decision-tree based framework is 
developed for optimally choosing design-supplier 
alternatives in multi-product, multi-echelon product and 
supply chain systems based on the real options theory. A 
case study on a two-component, two-echelon supply 
chain is presented which highlights unique 
characteristics of product quality as compared to cost 
and time. 
I. INTRODUCTION 
anufacturing enterprises are operating in a globally 
distributed manner in the highly competitive global 
markets. However, this exposes the enterprise to new 
uncertainties with high impacts on its product design and 
supply chains. These include events, such as natural 
disasters, new technologies, changes in environmental 
regulation, and other uncertainties [2]. 
One advantage of a virtual enterprise is that it could adapt 
to such uncertainties by using the flexibility provided 
through multiple product designs and large (global) set of 
suppliers. This is like modularity, which enables adaptability 
by interchangeable modules with different functionalities, in 
product design. However, currently, adaptation in a virtual 
enterprise is mostly reactive in response to the variations 
that have already occurred. In order to remain profitable, it is 
desirable to adapt proactively in anticipation of unplanned, 
but foreseeable high impact events.  
The real options theory provides a framework to evaluate 
flexibility and enable effective decision-making. A real 
option is the ability, without an obligation, to implement an 
alternative [3]. Calculating the option value of an alternative 
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independent of other alternatives could help us in 
determining which alternative is better, and possibly, also 
the right time to invest in it. However, it does not help us in 
making the typical decisions, e.g., deferring, switching 
among multiple alternatives, or abandoning at various time 
states, in the supply chain. In addition, decision-making in 
the real world is path dependent, i.e., the decision on an 
alternative at some future date may depend on the path taken 
by another alternative until then. Thus, we need to consider 
the alternatives as part of one “enterprise-level” system, and 
then apply real options “in” this system. This approach has 
also been advocated by [4] to design for flexibility.  Thus, in 
this research, our goal is not to value the option, but to use 
the fundamental idea, i.e., the option value maximizes the 
future returns, to determine decisions along the time line. 
In particular, we focus on the simultaneous consideration 
of the product design characteristics (quality) and the supply 
chain characteristics (cost and lead time) in adapting the 
product design or the supply chain, or both, i.e., in treating 
product design and its supply chain as a system. 
The remainder of the paper is organized as follows: 
Section II discusses relevant work. Section III presents the 
overall model of the product design and supply chain 
system. Section IV briefly discusses the real options 
approach to evaluate the flexibility and derive decisions for 
optimal adaptation.  Section V details the application to a 
two-component two-echelon product design and supply 
chain system. Section VI discusses the unique characteristics 
and challenges posed by the inclusion of product quality as a 
performance driver. Section VII presents computational 
results of application to two scenarios. Finally, the paper 
concludes with a discussion for future work in Section VIII. 
II. RELATED WORK 
Most studies on how an enterprise adapts disruptions have 
focused on events that have already occurred.  
In [5], a LP formulation with a deterministic model is 
used to capture the resilience in the manufacturing enterprise 
when the company meets disruptive events. 
Models to design supply chains that perform well when 
the variations are beyond the limits of robustness are 
presented in [6]. It states that supply chain optimization 
models have traditionally assumed certainty of information, 
and argues the need for models that incorporate uncertainty 
into strategic decisions about supply chain design. 
In [7], the authors focus on designing a six-sigma supply 
chain that aims for delivery times within the 6  limits, i.e., 
on robustness of achieving the delivery time. They do not 
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consider the costs or other criteria. In [8], the authors 
discussed choosing suppliers to minimize the expected 
shortfall under disruption. The overall idea is to match 
demand and supply using only costs as the criteria. 
The concept of real options is studied to model flexibility 
in an uncertain environment and has been used for decision 
making in several areas. Identifying possible real options in 
the engineering system such as project management is 
presented in [10, 11]. A systematic approach to solve the 
path-dependency and interdependency features is presented 
that enables a plan development for the executions of 
projects. Dual-sourcing strategies with real option analysis 
are presented in [12] that mitigate the impact of disruptions 
in supply chains. The model also demonstrates that the value 
of the option of delaying a decision works best by using a 
dynamic programming approach. A supply chain model that 
enables the selection of suppliers, plant location, and market 
regions considering an implementation time lag for the 
supply chain operations for a manufacturing firm is 
presented in [13]. The real option approach is implemented 
to estimate the value of the flexibility and to determine the 
optimal strategy when the currency exchange rate changes.  
This paper builds upon our initial work reported in [1], 
that presented the concept of adaptation, the need to use real 
options framework, and the application to a simple single-
component single-echelon product design and supply chain 
system. In [1], quality was included as a driver of 
performance, but it was treated in the same way as cost and 
time. In this paper, we attempt to understand the adaptation 
of and develop extensions to a two-component, two-echelon 
supply chain. In particular, we emphasize on the primary 
challenge that unlike cost and lead time, product quality is 
usually not a simple linear combination the constituent 
component qualities. 
III. OVERALL MODEL OF PRODUCT DESIGN AND SUPPLY 
CHAIN SYSTEM 
We propose a product design and supply chain system to be 
modeled as a triple (D, S, E), where D is the design of the 
product consisting of n components, S is a set of suppliers 
for each component, and E = {(Si,Sj)|Si,Sj ∈ S} represents the 
connections among suppliers in S, i.e., supply chain. We 
shall refer to (Di, Si) ∈ D × S, 1 ≤ i ≤ n as component-
supplier subsystems. Here, a component simply refers to an 
output from a supplier, which can be incomplete requiring 
further processing by other supplier(s).  
We consider the scenario in which the product design and 
supply chain system needs to adapt to a foreseeable, but high 
impact change in the environmental regulation, such as 
change in the amount of Hexavalent Chromium allowed in 
the product. 
A. Performance of the product and supply chain system 
Let Ri(t) be the ability of component-supplier subsystem (Di, 
Si)  to meet the requirement (e.g., substance regulation) 
during [t, t+∆t]. Then, Qi, Ci, and Ti, the abilities of (Di,Si) to 
meet the quality, cost, and lead time requirements during [t, 
t+∆t], respectively, are functions of R(t) and t. The overall 
performance of (D, S, E) is some aggregation of Qi(t, R(t)), 
Ci(t, R(t)), and Ti(t, R(t)) for every component-supplier 
subsystem (Di, Si): 
( , ( )) ( ( , ( )), ( , ( )), ( , ( )))P t R t f Q t R t C T R t T t R t=      (1) 
where,                  
1 2( , ( ), ( , ( )), , ( ,( , ( )( ) )) () nt R t Q t RQ t R t t Qg t R tQ …=            (2) 
1( , ( )) ( , ( )) ( , ( )))nC t R t C t R t C t R t const= +…+ +  (3) 
1( , ( )) ( ( , ( )), ( , ( )), )nT t R t h T t R t T t R t E= …  (4)   
Function f in Equation (1) is some aggregation of the 
overall quality, cost and time obtained from the component-
supplier subsystem. In this paper, we assume that this is 
obtained as an average as follows: 
( , ( )) ( ( , ( )), ( , ( )), ( , ( )))P t R t average Q t R t C T R t T t R t=
 
(5) 
Whereas the total cost (Equation (3)) is a sum of the costs 
for the component-supplier subsystems, the quality and time 
are not. Functions g and h in Equations (2) and (4) depend 
on product design and topology of supply chain, 
respectively. The total lead time of an entire supply chain 
(and therefore its ability to meet the requirement) can 
typically be obtained by summing the lead times of supplier 
along each serial chain and taking the maximum of all 
parallel chains.  For product quality, on the other hand, the 
situation is not as simple, as discussed in Section VI.. 
B. Jump-diffusion model of the underlying processes  
The discrete disruptive events, which can occur within any 
product-supply chain system, are modeled by using jump 
processes [9]. We assume that the shock is transmitted to the 
ability of each of quality (Q), cost (C), and lead-time (T) in 
the component-supplier subsystems. This is modeled as a 
geometric mean-reverting jump-diffusion process with 
Poisson shock: arrival rate, λ, and jump size, ∅ (0 ≤ ∅ ≤1):  
η σμ −= + −( )w w w ww w w ww X ddX X t X dz X dq
   
(6)
 
where, w ∈ {1, 2, 3}; X1=Q, X2=C, and X3=T, ηw is the rate 
of return to the mean ability μw and σw represents the 
volatility. These parameters can be obtained from archival 
data. In addition, dzw is a standard Brownian motion with 
covariance[dzv, dzw] = ρvwdt, and independent of dq. Thus, 
the Equation says that Xw will fluctuate as a mean reverting 
process with mean, μw and variance, σw, but over each time 
interval, dt, there is a small probability, λdt that it will drop 
to (1 - ∅) times its original value, after which it continues 
fluctuating until another event occurs.  
IV. REAL OPTIONS ANALYSIS 
The manufacturer’s goal is to maximize the system’s ability 
to meet its expected ability. The basic idea is to compare the 
ability to meet the performance target of the alternative 
product and supply chain systems, to the manufacturer’s 
expected ability and then choose the alternative with the 
highest payoff. This must include a flexible decision-making 
process along time, i.e., the decision to implement or 
continue holding the option is made at various time instants 
along the time horizon. 
The reader is referred to [3] for details on the application 
of different stochastic programming approaches to solve real 




that captures the variation of the manufacturer’s expectation 
of the system’s ability. At each node in the event tree, 
optimal decisions among abandonment, continuation, or 
switch to an alternative can be obtained by using a dynamic 
programming approach. The aim is to choose the decision 
variable vtj ∈ {-1, 0, 1, …, m} at each node (t, j) such that 
the value of the expected payoffs at time t = 0 is maximized.  
Possible decisions, each with an opportunity cost, are as 
follows: 
• Hold decision (vtj = 0) and wait until next time step. 
• Abandon project (vtj = -1) with salvage value A. 
• Do not adapt (vtj = vt-1,j) with no cost. 
• Adapt to the ith alternative product-supply chain 
system (vtj = i) with switching cost, Ki.  
An optimal value of the decision variable vtj can be 
obtained by solving the following stochastic recurrence 
equation:  
 ( ) 1,( )
1
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where Ftj is the total value of all the future payoffs at node (t, 
j) if the firm follows the optimal decision after t, γ is the 
discount rate, and π(t, j, vtj) is the difference between the 
alternative system’s ability to meet the performance target 
and the manufacturer’s expected ability. Details on the 
approach and application to this area can be obtained in [1]. 
Whereas the approach for real options analysis is the 
same for different supply chain topologies, the primary 
differences are: generation of the event trees and aggregation 
of cost, time, and quality as performance drivers. 
The next section discusses the development of appropriate 
decision models in multi-echelon product design and supply 
chain system with a two-component product. 
V. APPLICATION TO TWO-COMPONENT TWO-ECHELON 
PRODUCT DESIGN AND SUPPLY CHAIN SYSTEM 
This section investigates the case in Figure 1, where two 
suppliers provide (complete) components to another supplier 
where they get “assembled” to a product. Each component-
supplier subsystem (Di,Si), i∈{1,2} has some alternative 
subsystem. In this configuration, two suppliers, S1 and S2, 
produce (incomplete) components, D1 and D2. The supplier 
(assembler), S3, receives the components and forms the end 
product.  
 
Figure 1 Two-echelon supply chain with two-component 
product. 
A. Generating events trees for component-supplier 
subsystem 
We construct a discretized event tree using a trinomial 
expansion to capture the underlying process of Xw for each 
component-suppler subsystem. This process is explained in 
detail in [1] and is summarized here. Figure 2 shows the 
possible events during the time interval [t, t+Δt]:  
• Scenario A (top): Xw goes up by factor u with probability 
qt
+ due to random fluctuation. 
• Scenario B (middle): Xw goes down by d; probability qt- = 
(1- qt
+). 
• Scenario C (bottom): Xw goes down significantly by 
factor 1-∅ with probability λΔt due to a jump. 
 
Figure 2 Three possible events in the interval [t+∆t] 
Assuming that there is a 50-50 chance of scenarios A and 
B at t in the absence of a jump, i.e., qt
- = qt
+ = 0.5 and Xw 
follows a simple jump-diffusion process as in Equation (6). 
Then u and d are given as:
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(9) 
Such parameters are generated for each (Di, Si). 
B. Aggregation into events tree for product-supply chain 
systems 
The overall events tree for each underlying cost, time and 
quality is created from the events trees of the constituent 
component-supplier subsystems. We shall discuss the 
creation of this tree for the cost process. Let C1t, C2t, and C3t 
respectively represent the cost processes for component-
supplier subsystems (D1, S1), (D2, S2), and (D3, S3) at time t. 
The overall cost of the product design and supply chain 
system (D, S, E) is represented by Ct is some aggregation 
(Aggr) of C1t, C2t, and C3t as shown in Figure 3 . At the next 
state, t+Δt, C1t can be at one of the states shown in the 
trinomial expansion of Figure 2. Thus, C1t can go up by a 
factor u1 or down by a factor d1. Similarly, C2t and C3t are 
affected. 
In addition, we assume that the jump affects all 
subsystems simultaneously, i.e., it is not possible that one 
subsystem jumps while another does not. As a result the 
aggregate value, Ct can take one of nine values at the next 
time step, t+Δt. Eight of these states are due to the regular 
movements (up factor ui, or down factor di) of each 
subsystem (Di, Si), i∈{1,2,3}. The ninth state, shown as the 
bottommost state in the figure, is one in which the cost of 
every subsystem jumps. In the component-supplier event 
tree, the probability of regular up or down was (1-λΔt)*0.5. 
Therefore, the probability of each of the eight states is (1-
λΔt)*0.125. The probability of the jump state is λΔt. 
C. Capturing the variations of the manufacturer’s 
expectation 
As explained in Section IV, the real options analysis is 
carried out along the events tree that captures the variation 
of the manufacturer’s expectation. However, the events on 
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product design and supply chain tree explained in the 
previous section. These events correspond to the positions 
(up, down, jump) of the component-supplier subsystems. 
Thus, the manufacturer’s expectation must also have an 
equivalent of the 9-event tree shown in Figure 3. 
 
Figure 3 Nine possible events for product and supply 
chain system in Figure 1. 
The manufacturer could use its own knowledge and the 
knowledge of the processes to generate such a tree. 
However, this problem is non-trivial, and we are not aware 
of approaches to address it. In this research, we assume that 
the manufacturer has internal data on its expectations from 
each component-supplier subsystem and then aggregates 
those using the procedure explained in the previous section. 
This aggregation then forms the tree that corresponds to the 
manufacturer’s expectation. 
VI. AGGREGATION: UNIQUE CHARACTERISTIC OF QUALITY 
Whereas the overall cost and time can be deduced from the 
topology of the supply chain (and they are usually simple 
summations), the overall product quality depends heavily on 
the product design and the corresponding manufacturing 
process.  In [10], the geometric weighted mean is presented 
as an aggregation function for quality. Aggregation 
functions for evaluating overall performance of the supply 
chains associated to a global objective whose break-down 
provides elementary objectives are developed in [11]. The 
weighted mean aggregation functions are proposed to handle 
hierarchical links within supply chains.  
However, we observe that product quality in the product 
design and supply chain system has unique characteristics 
compared to cost and time: 
• Component design can alter the relationship between 
the product quality and the component qualities 
• Design changes in downstream supplier enforce design 
changes in the upstream supplier, which in turn affects 
overall product quality.  
In order to illustrate these points, let us consider a two-
part sheet metal assembly in, where suppliers S1 and S2 
manufacture components 1 and 2 (in designs D1 and D2) as 
shown in Figure 4. Supplier S3 receives these components 
and joins to complete assembly D3. This supply chain has 
been represented as a directed graph in Figure 1. 
 
Figure 4 Two part sheet metal assembly (lap joint): (a) 
before and (b) after assembly. Product length does not 
depend on component length. 
Let us assume the qualities of each component and the 
complete assembly are measured as the closeness to their 
target lengths l1, 12, and l3, respectively. A standard practice 
in dimensional tolerancing [12] is to represent the quality as 
a reciprocal of the tolerance, i.e., Qk = 1/Δlk, k ∈{1, 2, 3} 
where Δlk is the tolerance (allowable deviation from the 
target length) of component k. Since components 1 and 2 are 
joined with a lap joint that allows the adjustment of the 
length of the resulting assembly, quality Q of the entire 
supply chain depends only on quality Q3 of assembly 
operation (more specifically, the tolerance of the fixture) at 
S3, i.e.,  
 1 2 3 3, ,( )Q Aggr Q QQ Q==       (10) 
 
Figure 5 Two part sheet metal assembly (butt joint): (a) 
before and (b) after assembly. Product length is the sum 
of component lengths. 
Let us now assume that suppliers 1 and 2 have different 
designs, D’1 and D’2 as shown in Figure 5. Since 
components 1 and 2 have a butt joint that does not allow 
adjusting the length of the resulting assembly, the quality Q 
of the entire supply chain depends only on Q1 and Q2 
(assuming a “thin” weld). The tolerance of the resulting 
assembly is Δl1+Δl2 due to tolerance stackup [12]. Therefore, 
1/Q = 1/Q1+1/Q2, namely, 
 ( )1 2 3 1 2, , ) (  1 / 1 / 1 /Q QQ Aggr Q Q Q+==  (11) 
On the other hand, the cost and time of the supply chain 
are given for both cases by 
 1 1 2 32 3, , ) (C Aggr C CC C CC == + +  (12) 
 { }1 2 3 3 1 2,  (   ma, ,  ) xT Aggr T TT T TT == +  (13) 
The following section presents results from the 
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VII. CASE STUDY 
Using the two cases (Figure 4 and Figure 5) presented in 
the previous section, this section explores how the different 
aggregation functions respond under severe disruptions. 
For the sake of simplicity, we assume that (D1, S1) has an 
alternative (D1', S1'), and (D2, S2) has an alternative (D2', S2'), 
whereas the (D3, S3) has no alternative. The ability to meet 
the quality, time, and cost requirements are captured through 
geometric mean-reverting jump diffusion processes given by 
Equation (6), with the parameters as shown in Table 1. For 
simplicity, we also assume that the jump size for each 
underlying process for each component-supplier subsystem 
is the same, e.g., for (D1, S1), each of C, T, and Q have the 
same jump size, 0.25. 










size(∅) Mean reverting ratio α Variance ratio β 
(D3, S3) 80 80 70 0.15 1.25% 15% 
(D1, S1) 105 105 95 0.65 1.25% 75% 
(D1', S1'), 105 95 50 0.25 3.75% 25% 
(D2, S2) 95 105 95 0.65 1.25% 75% 
(D2', S2') 95 95 50 0.25 3.75% 25% 
In order to generate the manufacturer’s expectation tree 
(Section V.C), we assume that the manufacturer has internal 
data on its expectations from each component-supplier 
subsystem and then aggregates those using the following 
equation:  
 
( )1 2 3
1 2 3
1 2 3
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Q Q Q Q
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Parameters for these expectations are shown in Table 2 
and correspond to the geometric mean-reverting process 
from Equation (6). 













size(∅) Mean reverting ratio α Variance ratio β 
(D, S) 80 80 70 0.15 1.25% 15% 
This gives us the following 6 executable alternatives to 
choose from along the decision tree: 
• Alternative 0: Hold the decision 
• Alternative -1: Abandon the project at a salvage value 
of A = 90 
• Alternative 1: Keep current system, i.e., {(D1, S1), (D2, 
S2), (D3, S3)} at no additional cost 
• Alternative 2: Change to {(D1', S1'), (D2, S2), (D3, S3)} at 
a switching cost of K2 =5 
• Alternative 3: Change to {(D1, S1), (D2', S2'), (D3, S3)} at 
a switching cost of K3 = 5 
• Alternative 4: Change to {(D1', S1'), (D2', S2'), (D3, S3)} 
at a switching cost of K4= 10 (twice the previous ones), 
since two subsystems have changed. 
 Figures 6 and 7 show the partial optimal decision tree 
from the computation for the lap joint and butt joint, 
respectively shown in Figures 4 and 5. Labels on the edges 
indicate a decision that the manufacturer should undertake at 
that node. Interesting results are found in the shown 
extremities, and they help us judge how extreme cases how 
different aggregation functions for quality affect to the 
optimal decision.  
In Figure 6, it is observed that the decision is a “Hold” in 
jump node (leftmost node) at the time t = 1, which represents 
that delaying the decision is the best choice until the next 
events are revealed.  On the other hand, the rightmost node 
at the time period t = 1 indicates that a decision is to 
continue with Alternative 1. At the next time step (t = 2) 
branching from the rightmost node at t = 1 the optimal 
decision is to “switch” from the alternative 1 to 3 rather than 
abandoning the project when disruptive event occurs. The 
interesting node is the leftmost node at the time period t = 2, 
because decision represents to switch to the Alternative 4 
after two consecutive jumps. The alternative 4 is chosen 
Figure 6 An optimal decision tree of case 1 (Figure 4).  At each node, the value of the decision variable is shown.  
1
0 0 0 3 3 2 2 1 1
-1 4 4 3 3 2 2 1 1 4 4 4 1 1 1 1 1 1
t = 0 
t = 1 
t = 2 
Figure 7 An optimal decision tree of case 2 (Figure 5).  At each node, the value of the decision variable is shown.  
1
0 0 0 3 3 2 2 1 1
4 4 4 3 3 2 2 1 1 3 3 3 3 3 2 2 1 1
t = 0 
t = 1 




because it is resistant to disruptions. The performance values 
of the alternative 4 drop slightly with a small ∅, as show in 
Table 1. Note that suppliers S1’ and S2’ of the alternative 4 
have fairly low values for quality as shown in Table 1; 
however, in the case of the lap joint, the aggregated quality 
value is not affected by the values of these two suppliers.    
Figure 7 shows the results for the case when components 
1 and 2 are joined with a butt joint. Therefore quality Q of 
the entire supply chain now depends on Q1 and Q2. The 
performance values of aggregated qualities then have lower 
value than a lap joint case in most of the cases, because 
aggregation function is different. As a result, overall 
performance values are also decreased compared to the 
previous example. The decision is “Abandon” at the leftmost 
node at the time period t = 2, where jump disruptions occur 
(compared to the decision of moving to Alternative 4 in 
Figure 6). However, Alterative 4 becomes more preferable 
choice at the nodes where disruptive events occur as shown 
in Figure 7 (compared to case in Figure 6, where it was 
Alternative 3). 
VIII. CONCLUSION 
Understanding how high-impact uncertain events would 
affect the enterprise is of paramount importance. Research 
efforts have traditionally focused on using single criteria, 
such as costs (and more recently, lead-time) as the criteria 
for evaluating the supply chain. In this paper, we focus on 
the simultaneous synthesis of product design and supply-
chain to handle adaptation when variation in the operating 
environment is beyond the robustness limits. We focus on 
product quality (design criteria) along with cost and lead 
time (supplier attributes) as drivers of the performance, by 
modeling them as mean-reverting jump-diffusion processes. 
We have demonstrated the application to a two-
component two-echelon product design and supply chain 
system. In particular, we have shown how product quality 
has very unique characteristics and requires special handling 
in the process of deciding to adapt. 
Our ongoing work attempts to address the following 
issues: 
1. The events and decision trees are quite large even with a 
small number of alternatives and time steps, making 
their interpretation a challenge.  
2. Creating the event tree to capture variations of the 
manufacturer’s expectations under the constraint that it 
should match real events of the component-supplier 
subsystems is a non-trivial task. 
3. While the work presented in this research assumes that 
the need to adapt, predicting such a need and guessing 
the parameters of the corresponding processes requires 
appropriate data collection and analysis from all the 
stakeholders. 
4. Most jumps that affect product design are non-
Markovian. Currently, the use of Poisson process means 
that a jump could (although, with a low probability) 
repeat in consecutive time steps. 
5. The scenarios of lap joint versus that of butt joint as 
should not be considered as independent. In this paper, 
the independence is consistent with the initial 
assumption that every alternative component-supplier 
subsystem is an exact replacement for the existing one, 
and it does not impact other subsystems. However, there 
is a need to consider the two cases as alternatives within 
one larger and explore how changing one component-
supplier subsystem could force another one to be 
changed. 
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